








There is an increasing volume of literature investigating the links between urban environments and 
human health, much of which involves spatial conceptualisations and research designs involving 
various aspects of geographical information science. Despite intensifying research interest, there has 
been little systematic investigation of pragmatic methodological concerns, such as how studies are 
realised in terms of the types of data that are gathered and the analytical techniques that are applied, 
both of which have the potential to impact results. The aim of this systematic review is, therefore, to 
understand how spatial scale, datasets, methods, and analytics are currently applied in studies 
investigating the relationship between green and blue spaces and human health in urban areas.  
Method 
We systematically reviewed 93 articles following PRISMA protocol, extracted information regarding 
different spatial dimensions, and synthesised them in relation to various health indicators.  
Results and Discussion 
We found a preponderance of the use of neighbourhood-scale in these studies, and a majority of the 
studies utilised land-use and vegetation indices gleaned from moderate resolution satellite imagery. We 
also observed the frequent adoption of fixed spatial units for measuring exposure to green and blue 
spaces based on physical proximity, typically ranging between 30 and 5000 metres. The conceptual 
frameworks of the studies (e.g., the focus on physical vs. mental health or the definition of exposure to 
green space) were also found to have an influence on the strength of association between exposure and 
health outcomes. Additionally, the strength and significance of associations also varied by study design, 
something which has not been considered systematically.  
Conclusion 
We, therefore, propose a set of recommendations for standardised protocols and methods for the 
evaluation of the impact of green-blue spaces on health. Our analysis suggests that future studies should 
consider conducting analyses at finer spatial scales and employing multiple exposure assessment 
methods to achieve a comprehensive and comparable evaluation of the association between greenspace 
and health along multiple pathways.  






 An increasing interest in maintaining a healthy lifestyle and achieving better health outcomes 
has prompted numerous recent studies investigating possible links between the physical landscape and 
human health, especially in urban contexts (Bartman et al., 2019; Díaz et al., 2018; Kabisch et al., 2017; 
Díaz et al., 2015; Hartig et al., 2014). Multiple reviews, meta-analyses and original studies investigating 
these links indicate that natural environments are salutogenic and benefit both physical and mental 
health (Markevych et al., 2017; Twohig-bennett and Jones, 2018; Gascon et al., 2015; Ward Thompson 
et al., 2010). Partially in recognition of the multiple pathways through which health influences can 
occur, the natural environment can be conceptualised as consisting of inter-connected and multi-
functional green and blue spaces, or green infrastructure, something that is particularly important in 
urban areas (Markevych et al., 2017; Nieuwenhuijsen et al., 2017; Hartig et al., 2014). Together green 
and blue spaces exert a demonstrably therapeutic effect, with their availability, accessibility, and quality 
linked to overall human health (Van den Bosch and Bird, 2018; Lindley et al., 2018; Gascon et al., 
2015; Beyer et al., 2014). Accessible green and blue spaces have been reported to encourage exercise 
and social cohesion, contribute to obesity reduction, and reduce overall rates of ill health (Lindley et 
al., 2018). In addition to access, the presence of green and blue spaces is known to regulate local 
environmental hazards, for example due to associated reduction in pollution and noise (Van den Bosch 
and Sang, 2017; Gascon et al., 2016; Van Cauwenberg et al., 2011, Lee and Maheswaran, 2011). As a 
result, green and blue spaces (hereafter referred to as greenspace) are often advocated as a design 
element in the planning of urban spaces (Markevych et al., 2017; Nieuwenhuijsen et al., 2017).  
 There are large quantities of data describing health, greenspace and human exposure to potential 
benefits and harm (e.g., allergies) (Van den Bosch and Bird, 2018; Markevych et al., 2017; Gascon et 
al., 2016; Fuertes et al., 2014). Much of these data are also associated with spatial information, giving 
rise to a variety of statistical and geospatial methods for the analysis of associations (Musa et al., 2013). 
Geographic information science (GIS) is one of the foundational methods for analysing data associated 
with green and blue spaces, allowing data to be analysed spatially and processed into forms that allow 
effective examination of the relationships between spatial and geographic variables (Jia et al., 2017). 
Due to the ability of GIS to capture, process, and analyse the spatial components of different types of 
health and environmental information at different scales, GIS-based analysis has now become one of 
the most widely utilised methods in environmental epidemiology and related fields (Nordbø et al., 2018; 
Markevych et al., 2017; Musa et al., 2013).  
Existing studies into the relationships between health and urban greenspace typically involve 
greenspace exposure assessments within different buffer zone distances (Nordbø et al., 2018; Browning 




neighbourhood, city) (Musa et al., 2013). Additionally, real time GPS tracking and geographic 
simulation are also being used widely in such analyses (Jansen et al., 2108; Helbich, 2018; Yin, 2013). 
This has raised critical questions about how variations in the data, methods and geographical scales 
employed in spatial analysis of greenspace benefits may influence results (James et al., 2016) and how 
consistent and comparable these methodological approaches are (Nordbø et al., 2018).  
In this review, we will therefore:  
 identify the different data, scales and geospatial methods utilised in studying greenspace and 
its relation to human health in urban areas; 
 investigate how results vary (e.g., significant vs insignificant, positive vs negative) according 
to the type of association between greenspace and health indicators and their relation to spatial 
data and methods; and 
 identify the limitations and prospects of spatial data and analytics in representing and 
associating greenspace, human health. 
Following this review, we will recommend possible improvements in utilising spatial data, 
methods and tools for future studies and demonstrate the need for standard protocols, metadata, and 
methods for studies investigating health and the environment. Given that there are numerous existing 
reviews of the benefits of greenspace for health elsewhere in the literature such as Twohig-bennett and 
Jones, (2018); Fong et al., (2018); Van den Bosch and Sang (2017), Gascon et al., (2016); Van den Berg 
et al., (2015) and Lee and Maheswaran, (2011), we do not repeat that work. The present study instead 
focuses on the assessment of spatial scale, data, and associated methods exploring the relation between 
greenspace and health utilized in studies over the past decade.   
1.2 Conceptualising spatial scale and exposure assessment 
 Innovations in GIS are now widely integrated into processes for understanding and improving 
public health, health services, and the overall wellbeing of populations (ESRI, 2018; Musa et al., 2013). 
The widespread use of spatial data at multiple geographic scales is common in greenspace and health 
related studies and has provided a new appreciation among both scholars and urban planners of the 
impact of urban design on health and wellbeing (Nordbø et al., 2018). Detailed technical information 
on GIS methods and data is widely available in textbooks and other online based resources (Longley et 
al., 2015; De Smith et al., 2007; ArcGIS Online Help, 2018). However for context we provide a brief 
summary of fundamental concepts pertinent to our review, such as scale (Figure 1), relevant spatial data 
types (e.g., land cover maps, satellite image derived vegetation indices and canopy layer; Figure 2), and 
commonly used GIS tools and techniques used in greenspace and health studies (Table 1). 
1.2.1 Conceptualising and representing spatial scale in studies of urban greenspace and health 
Spatial scale is a fundamental concept in geographical analysis and is linked to the selection of 
units of analysis used to represent the Area of Interest (AOI). The spatial scale of a study is important 




(Ahern, 2007; Allen, 2012). In order to facilitate discussion, we have categorised the spatial scales that 
are commonly used in the literature – from micro to macro - as: the body/personal scale; the 
neighbourhood scale; the city/district scale (Figure 1). Each of these scales has key aspects that need to 
be considered when designing a study. The body/personal scale (micro-scale) varies between 10-100 
meters and takes account of the immediate surroundings of the human body (Herod, 2010; Rodaway, 
2002), and is therefore sensitive to any changes in environmental settings. The neighbourhood scale 
defines the areas where majority of the people spend large amounts of their time (Nordbø et al., 2018; 
Helbich, 2018; Chaix et al., 2013). The city scale has a much wider extent than the personal and 
neighbourhood scales, and this scale typically encompasses all of the spaces that urban dwellers 
habitually utilise during their daily activities (Browning and Rigolon, 2018; Helbich, 2018; Su et al., 
2016).  
 
Figure 1: Conceptualising spatial scales used in urban greenspace and health research, three scales 
usually considered: Body, Neighbourhood, and city/district. (City scale diagram is adopted and 
modified from the Western Australian Planning Commission, 2015).  
We must also consider how AOIs are represented. Representations of neighbourhood scale can 
be divided into two categories: the neighbourhood unit, which is an allocentric model based upon 
administrative zones; and the neighbourhood boundary, which is an egocentric model based upon buffer 
distances around the home (Chaix et al., 2013; Colombo et al., 2017). Both of these approaches indicate 
clear-cut or sharp neighbourhood boundaries; however, in reality, such a crisp approach may not reflect 




to represent neighbourhoods, including the use of fuzzy boundaries that integrates a gradual transition 
from neighbourhood space to non-neighbourhood space, when the boundary is in a vague or 
indeterminate location (Wade and Sommer, 2006). A fuzzy logic approach argues that there is no clear-
cut neighbourhood boundary, rather neighbourhood boundary demarcation may include integrating 
weights defined as a decreasing function of the distance from the home of the individual for whom 
exposure is contextualised (Chaix et al., 2009; Chaix et al., 2005). A comparison of ego-centric 
neighbourhoods and fuzzy neighbourhoods can be found in Chaix et al. (2009). However, such 
techniques are rarely seen in the greenspace and health literature. 
 One key consideration here is that any attempt to aggregate data (both health and exposure) 
into areal units (e.g., neighbourhood or city) must take account of the Modifiable Areal Unit Problem 
(MAUP), which is a source of statistical bias (Su et al., 2019; Kwan, 2018; Houston, 2014; Openshaw, 
1984). When any spatial data are aggregated and assigned to an arbitrary spatial zone, both the scale 
and the shape of the aggregation unit will influence the results in terms of the variable being measured 
(Houston, 2014). MAUP produces two types of effects in terms of representation and measurement of 
spatial data; these are the scale effect and the zoning effect (Dark and Bram, 2007). For example, 
varying geographic extent scales and zones may produce variations in numeric results in terms of 
represented spaces (e.g., parks, neighbourhoods inter alia), environmental patterns and processes, as 
well as the strength of associations with other variables, such as physical activity and health (Su et al., 
2019; Houston, 2014; Mitra and Buliung, 2012). Importantly, increasing size of the areal unit (i.e., 
scale) tends to incorporate uncertainty on the strength and significance of associations between 
variables (Fotheringham and Wong, 1991). This significant issue will be further discussed in later 
sections.  
Table 1: GIS processes and their common usage with the urban greenspace and health literature 
GIS Process Description Usage Sources 
Geo-coding Converting addresses (e.g., 
home, school) into 
geographic coordinates.  
Locates receptors (e.g., 
home or school) in 
geographic space. 
Longley et al., 
(2015); Jia et al., 
(2017); Dzhambov 
et al., (2018) 
Buffering Generating zones around 
geo-coded addresses, 
neighbourhood or other 
spatial entities based on a 
given Euclidian (straight 
line) distance, travel time or 
network distance.  
Used for greenspace 
availability and accessibility 
measurements. Also defines 
exposure areas and scales.  
Browning and Lee 
(2017); Heywood et 
al., (2011); 
Coombes et al. 







Estimating Euclidian or 
network (route-based) 
distances between two 
points. Includes physical 
distance and cost-distance 
(e.g., time). Also, straight 
line buffers around certain 
points or lines.  
Usually used for buffers, 
also to measure the fixed or 
shortest distances to the 
nearest greenspace and geo-
coded locations, usually 
used for accessibility 
determination.  
Heywood et al., 
(2011); Forsyth, 




Combining different spatial 
layers (e.g., neighbourhood 
zones, tree canopy, land 
use) with various attributes 
allowing discovery of co-
located or proximity 
relations among them. 
Distinct from spatial query.  
Used for establishing 
aggregate summaries of 
exposure variables and also 
associations with health and 
other socio-economic 
information for particular 
spatial scales. 
Longley et al., 
(2015); Heywood et 
al., (2011); Jia et 
al., (2017); Glazer 





Using spatial and/or 
integrated temporal data to 
analyse spatial distributions 
and patterns. Spatial 
statistical techniques are 
distinct from classical 
statistics, frequently relying 
on the assessment of spatial 
autocorrelation and local 
weighting (e.g., in 
geographically weighted 
regression, Moran ‘I).  
Spatial autocorrelation can 
be defined as “the similarity 
between samples for a 
given variable as a function 
of spatial distance” (Diniz-
Filho et al. (2003:54). 
Used for estimating density 
(e.g., kernel density or 
density of greenspace, 
population, and land use 
densities to represent built 
environment factor) and 
conducting interpolation, 
(e.g., of environmental 
phenomena such as air 
pollutant concentrations). 
Can also be used to explore 
local variation in global 
regression analysis of health 
and greenspace associations 
and understanding the spatial 
autocorrelation among 
greenspace and health 
variables (e.g., Moran ‘I).  
Wade and Sommer, 
(2006); Jia et al., 
(2017); Forsyth, 
(2007); Sarkar et 
al., (2013); Helbich 





Spatial and temporal 
simulation of objects and 
people for future scenarios 
analysing alternate built 
environments, population 
and natural settings.  
Used to simulate use of 
greenspace and other built 
environment factors related 
to human use of greenspace 
under present and future 
scenarios, such as agent-
based modelling. 
Yin, (2013); 







Figure 2: Examples of different representations of greenspace/greenness according to data type and 
source (a) Land use and land cover types derived from classification of   remotely sensed satellite 
imagery (Source: Dennis et al., 2018) (b) remotely sensed vegetation indices such as the Normalised 
Differential Vegetation Index (c) digitised tree canopy cover (Source: City of Trees, 2011) (d) 





1.2.2 Conceptualising and representing spatially explicit forms of greenspace exposure assessment 
 How people experience natural surroundings within AOIs is one of the fundamental questions 
posed by current studies focusing on the health benefits of urban greenspace (Nordbø et al., 2018). For 
the purposes of this review, we have categorised greenspace exposure into three broad types: (a) 
availability, (b) accessibility, and (c) visibility. The availability of greenspace refers to the physical 
amount of greenspace (e.g., the area or number of parcels available within a defined spatial distance 
from homes, schools, or other locations of interest (Bratman et al., 2019; Dadvand and Nieuwenhuijsen, 
2019). Accessibility to greenspace is defined as the spatial proximity of greenspace to locations of 
interest (e.g., using buffer zones, distances, or travel times to the nearest parcel; Ekkel and De Vries, 
2017). The visibility of greenspace refers to the amount of greenness that can be seen visually from a 
particular location of interest (Figure 3). These categories were derived from definitions of greenspace 
exposure and pathways provided in previous review articles (Hartig et al., 2014; Markevych et al., 2017; 
Houlden et al., 2018; Lee and Maheswaran, 2011). 
Each of the three categories is related to one or more different ‘pathways’ through which 
greenspace influences health, such as physical activity, stress reduction, air quality, heat mitigation, and 
social cohesion (Lindley et al., 2018; Nieuwenhuijsen et al., 2017; Markevych et al., 2017; Hartig et 
al., 2014). There are important differences between greenspace exposure due to availability and 
exposure due to visibility of greenness, both of which are different from accessibility. For example, 
although pathways will overlap, category (a): availability may be particularly associated with physical 
environmental processes, such as the regulation of the local environment (Nowak et al., 2014; Dadvand 
et al., 2012; James et al., 2016). Whereas category (b): accessibility might be more associated with 
human behaviour, such as activity rates or socialising (Ekkel and De Vries, 2017; Van den Bosch and 
Bird 2018; Hartig et al., 2014); and category (c): visibility might be more functional in terms of 
restoration and the attention-retention effects of nature visibility (Ulrich, 1984; Kaplan and Kaplan, 
1989). 
 The three exposure types we used in this review are comprehensive in terms of the way nature 
exposure is usually measured spatially in the current literature. However, other dimensions of exposure 
may further modify the health effects of greenspace exposure, such as perceived proximity/access to 
greenspace, the experience of nature (e.g., interaction, dose), and the quality of greenspace (Bartman et 
al., 2019; Sefcik et al., 2019; Silva et al., 2018; Van den Bosch and Bird 2018; Van Dillen et al., 2012; 
Giles-Corti and Donovan, 2002). The scope of this review was primarily focused on objective spatial 





Figure 3: Conceptualising spatially explicit greenspace exposure types: (a) availability of greenspace 
or greenness in different neighbourhoods (e.g., percentage, numbers, and area/size) (b) accessibility to 
greenspace from home (e.g., numbers of accessible parcels, distance to parcels) (c) visibility of 
greenspace while travelling or around the home.  
A range of data sources are available to represent the different exposure categories, such as 
satellite image indices, tree canopy data, or land cover data (Figure 2). Since data have different spatial 
resolutions and data types, they also have an influence on how effectively they represent factors of 
interest (Reid et al., 2018).  
2. Methodology 
This systematic review was conducted according to the principles of the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses (PRISMA) protocol (Liberati et al., 2009). It was 
undertaken in order to critically evaluate articles related to spatial data and methods used when 
investigating the health effects of greenspace. An extensive literature search was conducted, and data 




2.1 Search strategy   
We searched for articles published between January 1, 2009 and December 31, 2018 in Web of 
Science, Scopus, and PubMed using different combinations of keywords focused on the objective of 
this review paper. Our greenspace-related key words included four themes (Table 2) – greenspace, 
health indicators, target population, and geo-spatial data and spatial analytics related. Some key words 
were selected based on previous review papers such as Van den Bosch and Sang (2017); Browning and 
Lee (2017), and Gascon et al. (2015). Other key words – and our subsequent selection of final papers 
for inclusion in this review - were informed by the fundamental concepts related to scale, data types, 
GIS processes, and exposure assessment, as identified in the previous section. These concepts also 
provided the foundation for how information was extracted and analysed from the selected papers. We 
used, “AND” and “OR” Boolean logic to perform searches with combinations of key words. The exact 
search strings and Boolean logic used to perform the search in all three databases are listed in Table 1S 
in the supplementary document. 
Table 2: Keyword combinations for searching the literature 
Green/Blue space related Health Indicators GIS related Population 
greenspace 
blue space 






















The searches located 2431 articles (excluding duplicates) related to the themes. Two stages of 
screening and evaluation were conducted to select articles to review. For Stage 1 we screened and 
excluded articles if they: (1) inadequate topic (e.g., title or abstract do not match the main research 
objectives), (2) focus in disease ecology, or pollution based epidemiology, (3) not original research, (4) 
not peer reviewed, and (5) not written in English. After screening and remove articles based on the 
exclusion criteria of Stage 1, for Stage 2 (full text review), the articles were excluded if they; 
i. did not use spatially explicit methods in evaluating the relation between greenspace and health 
indicators. 
ii. did not directly or indirectly measure or observe aspects of health in terms of either physical or 
mental health 
iii. did not focus on applying more than one spatially explicit methodology (e.g., buffering, 




After the first screening stage, a total of 2182 articles were excluded from the initial list of identified 
articles, leaving 249 for full-text evaluation. At Stage 2, the 249 articles provided references to 10 others 
(i.e., snowballing), so ultimately, 259 articles were read in detail. Of the 259 Stage 2 articles read, 93 
were included for review in this paper based upon criteria selected for Stage 2 evaluation. A flow 
diagram of the article screening and exclusion process is presented in Figure 4. 
 
Figure 4: Search approach and selection of the reviewed articles.  
2.2 Data extraction and synthesis 
Following the PRISMA protocol, we extracted information focusing upon the objectives of the 
review. Utilising the review criteria (Table 3) the extracted data, included authors information, year of 
publication, study area, study design and sample size. In addition, we collected and synthesised specific 
information focusing upon health indicator measurements, spatial data sources; spatial analytical 
methods used (e.g., buffering, shortest distance estimation, network analysis); greenspace exposure 
category and assessment methods (in terms of availability, accessibility and visibility); and statistical 
modelling approaches (Table 3). All extracted data were recorded in a tabulated summary for each 




frequency and cross-tab analysis of the different themes. Associations between greenspace and health 
indicators are presented as positively significant, insignificant, or not available. Additionally, these 
relations are further analysed using cross-tabulation among different health and greenspace related data 
presented as a Sankey diagram provided to aid in visualisation of the relationships (Figure 5). The lead 
author compiled, extracted, and synthesised data from the selected articles. The second and third authors 
monitored the process, and all authors contributed to design and interpretation. 
Table 3: Review criteria used to select papers and extract information 




Source bibliographic information 
Type of paper research (peer reviewed) 
Context  urban, sub-urban 
Study design type cross-sectional, longitudinal 
Health Indicators Health types physical, mental, or both 
Health indicators 
measurements 
Objective health (e.g., continuous tracking or tests), 
subjective (e.g., self-reported, and questionnaire 
surveys).  
Indicator types Anthropometric information (e.g., BMI, lung function, 
blood pressure), physical activities (e.g., moderate-
vigorous physical activity-mvpa, running, step counts), 




Spatial scale body/personal, neighbourhood, city/ districts  
Spatial data for greenspace satellite image derived indices, land use and land cover, 
tree canopies, web-maps, other geo-tagged images (e.g., 
street view images) 
Objective activity 
measurement 
GPS tracks for activity observation. 
Built-environment data spatially explicit built-environment data such as land use 
diversity, street connectivity, connectivity, walkability  
Geographic extent for 
exposure assessment 
Geo-coded address, buffers (Euclidian distance, network 
distance), administrative zone.  
The exposure and 
accessibility of 
greenspace 
Exposures assessment types availability of greenspace or greenness, accessibility 
(e.g., distance to access), visibility of greenness at certain 





How the relation between 
health and greenspace 
assessed? 
statistical modelling (e.g., logistic, linear regressions) 
and correlation analysis, spatial correlation, spatial 
regression (e.g., land use regression; autoregressive 
model), overlay analysis, geographic simulation  
Confounders Any confounders considered (e.g., personal attributes- 
age, gender, employment status, race).  
3. Results 
This section summarises the characteristics of the review papers according to the selected 
themes identified in Section 2. A summary of the reviewed papers is presented in Table S2 in the 
supplementary document. 
3.1 General study characteristics and design  
Out of the 93 studies reviewed, more than half (n = 57) had been conducted and reported in the 




5a). The reviewed articles were published in 18 scientific journals, the majority of which are multi-
disciplinary (e.g., Environmental Research, Health and Place, International Journal of Environmental 
Research and Public Health, Environment International, Landscape and Urban Planning, 
Environmental Health Perspectives).  Articles covered studies from 17 countries, with few examples 
from the developing world (Figure 5b). Two studies considered population from multiple regions 
(Schipperijn et al., 2017; Veitch et al., 2016). Due to the fact that cross-sectional studies can be 
conducted quickly and have relatively low resource requirements, most of the studies in the present 
review are cross-sectional in design (n = 79).  
 
Figure 5: Study characteristics based on (a) the numbers of articles published by year, (b) the geographic 
locations of the studies with the darker green indicating larger article counts, and (c) the health focus of 
reviewed articles. 
3.2 Study emphasis and confounding variables 
The majority of the articles that took an explicitly spatial approach were focused on physical 
health (n = 59), with 18 studies exploring the impact of greenspace on mental health. The rest of the 




wellbeing (n = 16) (Figure 5c). Amongst the physical health studies, BMI, physical activities, walking 
behaviour, obesity, blood pressure, and birth weight were commonly examined, with multiple physical 
health indicators often investigated in a single study. For mental health studies, general mental health, 
depression, anxiety, stress, emotional wellbeing, and child development were of particular interest, with 
autism also studied in one article. Amongst the 18 mental health articles, 11 studies had been published 
between 2016 and 2018, and the majority of the articles that studied general health (n = 14) had been 
published after 2015.  
Most of the articles focused on an adult population (n = 59) ages 18 to 65 years old. However, 
a spatial approach was also taken in studies of other demographic groups, including for children (n = 
21), older adults (n = 6), both adults and children (n = 1). Five articles did not mention any particular 
target population but focused instead on aspects of greenspace contact and use (e.g., walking behaviour, 
the use of greenspace, and emotional attachments in general). The sample size of the target populations 
varied between 75 (minimum) and 4,284,680 (maximum). Twenty-six reviewed articles used sample 
sizes of less than 500.   
Most of the studies in this review (n = 85) controlled for confounders. We observed 66 unique 
general confounders considered in the reviewed articles. The most common confounders were often 
socio-demographic data, including age, gender, education, income, ethnicity, race, marital status, 
employment status, and family size. Additionally, personal attributes, such as BMI, alcohol 
consumption, smoking, and physical activities, were also applied in several studies (Figure 6). The 
entire list of confounding variables used in these studies is presented in Table 3S in the supplementary 
documentation. Few studies intentionally explored variations in health outcomes in relation to the socio-
demographic and personalised attributes of the sample. We observed that, in addition to the use of 
generic socio-demographic confounders, the consideration of confounders was usually dependent on 
the health focus of the study. Physical health focus studies often considered physical activities, such as 
the presence of chronic disease, history of sickness, parental health (e.g., asthma, hypertension), statin 
and antibiotic use, preterm birth, and car-ownership, as confounders (de Keijzer et al., 2019; Stewart et 
al. 2018; Yeager et al., 2018;  Andrusaityte et al., 2016). Mental health studies utilised variables such 
as stressful life events, deprivation, poverty, crime rates, and social networks (Sarkar et al., 2018; 
Dzhambov et al., 2018c; Ihlebæk et al., 2018; McEachan et al., 2015; ). Glazer et al. (2018) observed 
that, depending on the presence of confounding variables, the statistical significance varies, and they 





Figure 6: Confounding variables usually considered (i.e., used in a minimum of 3 articles), organised 
in descending order.  
3.3 Overview of health indicators and their relations with spatial dimensions  
The studies reviewed used a mix of subjective and objective health indicators to represent 
human health conditions. Indicators also varied in terms of whether they were direct (e.g., body mass 
index) or proxy measures (e.g., steps). Most of the articles (83%) used subjective or self-reported health 
indicators to measure the health conditions of the participants. The data were usually collected from 
cohort surveys and national and local health databases, including survey protocols, such as the general 
health questionnaire (Dzhambov et al., 2018a; Van den Berg et al., 2017; Triguero-Mas et al., 2015; 
Sarkar et al., 2013); the short-form health survey (Van den Berg et al., 2017; Triguero-Mas et al., 2015); 
and WHO-5 and MHI-5. In 13 of the studies (approximately 14%); objective data collection was 
achieved by the adoption of geospatial data capturing devices, including GPS devices, smartphones, or 
accelerometers to capture walking speed, direction, and location (Triguero-Mas et al., 2017a; Triguero-
Mas et al., 2017b; Schipperijn et al., 2017; Matisziw et al., 2016; Jansen et al., 2017; Brown et al., 2014; 
Dunton et al., 2014). In addition, Zandieh et al. (2017) used GPS-based walking measurements along 
with interviews to not only capture objective health behaviour but to capture the individuals’ 
perceptions of the places used for physical activity.  


















































Figure 7: Relationships among health indicators and greenspace exposure type, scale of study, and data 
collection method. The left side includes the health aspects (e.g., types of health considered), and the 
right side includes the spatial aspects of studies (i.e., scale, exposure, and device use). (a) Associations 
between health and different spatial scales; (b) association between health indicators and exposure 
assessment types (including multiple exposures); (c) use of GPS/Accelerometer and smartphone for 




Figure 7 illustrates that most of the studies (86%), regardless of focus (i.e., physical, mental, or 
general), were conducted at the neighbourhood scale, and most recorded a significant positive 
relationship between health and greenspace (Figure 7a). Only a few studies focused on physical or 
mental wellbeing, and these studies indicated an insignificant relationship between health and 
greenspace at the neighbourhood scale (Stewart et al. 2018; Vogt et al., 2015; Quynh Huynh et al. 2013; 
Michael et al., 2014) and at the personal scale (Burgoine et al., 2015). However, several studies (27%) 
found mixed associations between green space and health at the neighbourhood scale. These studies 
observed that, among multi-exposure and health assessment, some of the relationships are significant, 
and others are insignificant. These variations indicate inconsistency in associations observed at different 
scales; however, general studies at the neighbourhood and district/city scales have observed at least one 
positive association between health and greenspace. At the personal scale, the relationships remain 
largely unexplored.  
Most of the studies considered availability or accessibility as the exposure category (Figure 7b). 
Among the reviewed articles, 75 considered availability exposure, and among these, a majority found 
positive associations (n = 60), three found negative associations (Wilhelmsen et al., 2017 for BMI; 
Andrusaityte et al., 2016 for asthma; Astell-Burt et al., 2014 for skin cancer), and 12 studies identified 
significant associations with availability. Accessibility was the second-highest exposure assessment 
approach used by 48 studies, among which a majority (n = 34) found positive associations with 
accessibility to greenspace, and 14 studies observed insignificant associations. Visibility and other 
exposure assessments were least used in the reviewed articles. Only six studies used visibility exposure, 
and all found positive relationships between visibility and health. Seven studies considered additional 
measurements of exposure such as time spent or frequency of visit, and these studies also indicated 
positive associations (Figure 7b). Overall, the results supported the positive relationships between 
greenspace availability, accessibility, and visibility and health indicators.  
It should be noted that some of the studies in this review considered more than one exposure 
type or more than one health indicator. Several studies observed mixed results, such as significance in 
one exposure assessment but insignificance in another assessment (Klompmaker et al., 2018; Glazer et 
al. 2018; Jonker et al., 2014; Kaczynski et al., 2014) or significance in one type of greenspace metric 
but insignificance in another metric (Gascon et al., 2018; Dzhambov et al., 2018c; Abelt and 
McLafferty, 2017). A few studies also identified variation in significance depending on the use of 
mediation analysis, such as time spent in greenspace, air pollution, restorative quality (Dzhambov et 
al., 2018a; Van den Berg et al., 2017). Additionally, some studies observed significance for one health 
indicator and insignificance for other health indicators (Ihlebæk et al., 2018; Müller et al., 2017; 
Markevych et al., 2014a; Dadvand et al., 2014). These studies illustrated that there are variations in 
associations between greenspace and health, depending not only on a study’s health focus and indicators 




We observed that only a few studies (n = 13, Figure 7c) used GPS/accelerometer or smartphone 
devices to objectively monitor some health indicators such as walking, MVPA, and visiting greenspace. 
Among these 13 studies, eight studies reported significant positive associations between greenspace 
and health, the remaining five studies indicated either insignificance (Stewart et al. 2018; Burgoine et 
al., 2015) or mixed associations between greenspace and health (Triguero-Mas et al., 2017a; Schipperijn 
et al., 2017; Matisziw et al., 2016). As a whole, the use of GPS/accelerometers and smartphones are 
relatively less common in studies in this review. Further discussion of these studies with regard to 
various spatial dimensions is presented in the following sections, highlighting how the positive and 
insignificant association between health and greenspace exposures varies according to different scales, 
exposure areas, data, and even different exposure types.  
3.4 Scales and geographic exposure area 
3.4.1 Spatial scale of studies 
Figure 1 illustrates examples of commonly used units to represent neighbourhood and personal 
scales found in the reviewed articles. Among the articles in this review, the most commonly used scale 
was the urban neighbourhood scale (n = 80). Eight studies were conducted using a city/district scale 
(Figure 8). Only four studies considered a personal/body scale.  
 
Figure 8: Commonly used spatial scales in greenspace and health association studies.  
Neighbourhoods were defined in several different ways that can be broadly categorised as 
egocentric (e.g., a buffer around the home location) or allocentric (e.g., using a pre-defined 
administrative unit; see section 1.2.1). In the latter case, several studies used census units, such as census 
tracts (in the USA), Meshblock (in New Zealand) and Middle/Lower Super Output Areas (M/LSOA) 
(in England and Wales), which may be employed as a proxy for neighbourhood definition. The usage 
of such administrative definitions means that neighbourhood scale can vary substantially in size 













between different countries. For example, census tracts in the US represent an average population of 
4000 (U.S. Census Bureau, n.d.), whereas, in England and Wales, an LSOA has an average population 
only of 1,614 (with 95% of units having populations between 1,157 and 2,354 in 2011 (Office for 
National Statistics, 2012). This difference alone can influence the relative strength of the association. 
However, the most common representation of neighbourhood scale identified in this review (n = 64, 
Figure 8) was an egocentric model determined using buffer distances from respondents’ households 
(Figure 9a). This approach is particularly useful for studies seeking to establish relationships between 
individual residences and the local environment because it allows more refined representations of 
greenspace to be used (e.g., those derived from high spatial resolution remotely sensed imagery, see 
Figure 2).   
 
Figure 9: Differences in representations of the neighbourhood scale in health and greenspace studies. 
(a) Egocentric neighbourhood scale using Euclidian and network buffers. (b) Administrative 
neighbourhood unit (England and Wales Lower Super Output Area), comparing with the egocentric 
neighbourhood.  
3.4.2 Geocoding  
Geocoding is important as it defines the spatial reference point around which exposure areas 
are constructed, typically using either a fixed or network distance. Geocoding was widely used in the 
reviewed articles, with 65 of the 93 articles using geocoding to determine locations such as home or 
school. In addition, postcode and population-weighted neighbourhood centroid locations were also used 
as spatial points of reference to define the geographic exposure area (n = 7). The differences in 




metrics that result, but this is much less than the range of buffer sizes that are used to represent the AOI 
(Su et al., 2019; Browning and Lee, 2017).  
3.2.3 Buffer distance-based exposure area 
Buffer distances used in demarcating exposure areas included distances of ≤300, 400, 500, and 
800 meters (Figure 8). Articles using buffer distances of ≤300 meters often cited the European 
Commission’s recommendations that public open spaces should be within 300 meters of residences 
(Gascon et al., 2018; Van den Berg et al., 2017; Triguero-Mas et al., 2015; Gascon et al., 2015). Articles 
that used distances greater than 300 meters for their buffers often argued that buffer distances reflected 
a walking distance of five to 10 minutes and that individuals would be willing to walk this far to enjoy 
nature and exposure to greenspace (Stewart et al. 2018; Kim et al., 2016; Kaczynski et al., 2014; Cutts 
et al., 2009).  
Varying study focuses (e.g., whether related to physical or mental health responses to 
greenspace) tended to produce different buffer distances. For example, with only one exception (Huynh 
et al., 2013), mental health studies were more likely to select buffer distances less than or equal to 300 
meters. By contrast, studies focused on physical health often selected buffer distances between 300 and 
1000 meters (Figure 10). The median value of the buffer distances used in mental health studies in this 
review was 400 meters, in contrast to the median value for physical health studies at 500 meters (Figure 
10). Articles that focused upon both, applied median buffer distances of 500 meters in defining exposure 
areas. The majority of the studies used multiple buffer distances (n = 41) and tested sensitivity at 
different buffer distances (details in supplementary table 2S). The most frequent distance band used for 
the main analysis was 301-600m (Figure 10). Several authors tested the sensitivity of distances in excess 
of 1km, but these distances were not considered or reported as part of the main analyses in those studies 
(Dzhambov et al., 2018a; Triguero-Mas et al., 2017b; Nutsford et al., 2016). 
 
Figure 10: Commonly used generalised buffer distances by health outcome type.  





























Buffering approaches (e.g., Euclidian or network distance) were also found to be key variables 
in defining both the exposure area and the scale for the reviewed articles. The majority of the 93 
reviewed articles (n = 53) used a Euclidean approach. Several papers also used a network buffering 
approach (n = 20), and seven papers used both measures. The differences between these two buffering 
approaches are illustrated using an example in Figure 7a. It is clear from the example that the geographic 
exposure or scale of the studies, based on either a Euclidian or a network approach, is likely to result in 
a different exposure area for a study, despite the fact they may consider the same distance (e.g., 500 
metres). Figure 7a illustrates how a Euclidian (i.e., circular) buffer of 500 metres provided an exposure 
area of 0.785 km2. For the same distance, a network buffer approach provided an exposure area of 0.411 
km2.  
The reasons for selecting either approach varied. The papers that used a Euclidean approach to 
define the exposure area or scale argued that it would be challenging to be certain about the personal 
trajectories of an individual’s visit to the nearest greenspace as there would likely be informal routes 
within a neighbourhood that did not appear in records of the formal road network (Cutts et al., 2009). 
For example, OpenStreetMap has more informal routes than the Ordnance Survey (OS) street network 
dataset, meaning that using the OS network data in defining a network-based exposure area might omit 
key informal routes and not provide a true reflection of the exposure area. By contrast, the papers that 
used network distances argued that a person cannot travel as the crow flies but rather must follow the 
street network in order to reach greenspace. People also use different modes to travel (e.g., walking, 
driving, cycling), and different modes can require designated routes (Kaczynski et al., 2014; Mukherjee 
et al., 2017). Once again, the selection of the approach was often linked to the focus of the study 
(Browning and Lee, 2017). For example, Dadvand et al. (2014) argued that the network approach is 
more appropriate for physical health consideration. If accessibility is a key issue, using network distance 
is more logical, but if the availability of greenspace and its impact on heat mitigation or air pollution 
are considered, then the use of Euclidian distance is more representative.  
3.5 Commonly used spatial data when representing greenspaces/greenness 
Within the exposure area, the representation of greenspace or greenness can be broadly 
categorised into two different types based on the use of spatial data: satellite-derived indices and land 
use and land cover-derived (LULC) metrics (Markevych et al., 2017; Van den Berg et al., 2015). The 
latter included analysis based on pre-existing national datasets or data derived from land cover 
classification. Tree canopy measurements (e.g., area and density) were applied in some studies, which 
often used the LiDAR dataset do detect canopy area (Reid et al., 2017; Ulmer et al., 2016).  
Among the 93 papers reviewed, most used LULC metrics (n = 47). Indices such as the 
Normalised Difference Vegetation Index (NDVI), the Soil-Adjusted Vegetation Index [SAVI], and the 




greenness within exposure areas (n = 19). A combination of LULC and NDVI (n = 12); NDVI and tree 
canopy (n = 5); and LULC and tree canopy (n = 2) was also applied to measure greenness and the 
presence of greenspace. Additionally, three studies used Google Street View (GSV) images, applying 
computer vision or image analysis techniques (Villeneuve et al., 2018; Li and Ghosh, 2018; Nguyen et 
al., 2018). Nutsford et al. (2016) utilised digital elevation model-based viewshed analysis to represent 
greenness. As a whole, we observed diversity of data types, metrics, and sources used in the reviewed 
articles, resulting in varying spatial and temporal resolutions.  
3.6 Spatially explicit methods of exposure assessment 
3.6.1 Greenspace/greenness availability 
The most widely used spatially explicit measures of greenspace exposure were based on 
estimated greenspace or greenness availability within specific AOIs (n = 75), mostly at the 
neighbourhood scale. Availability was quantified differently based on the types of spatial data used. 
Availability was primarily quantified using the mean NDVI value (n = 25); the percentage cover of the 
AOI (n = 23); area (n = 7); or both area and the number of green spaces (n = 8).  
In general, out of the 75 studies that considered availability exposure, 62 explicitly found 
significant positive associations between availability and health indicators. However, the strength of the 
associations varied according to different spatial data types, quantification methods (e.g., percentage, 
NDVI value, and numbers of trees), and scales used for the spatial data (Dzhambov et al., 2018c; Wood 
et al., 2017; Cusack et al., 2017; McEachan et al., 2015; Dadvand et al., 2014). In some studies, 
however, associations between availability exposure and health indicators were found to be 
insignificant (Glazer et al. 2018; Van den Berg et al., 2017; Triguero-Mas et al., 2017a), or the analyses 
suggested negative associations (n = 3). Abelt and McLafferty (2017) found an insignificant association 
between NDVI value and pre-term birth and birth weight, but higher numbers of street trees were found 
to have a significant inverse association with pre-term birth weight within different buffer zones. 
Although this may be partly linked to representation, the finding also points to the potential importance 
of different exposure types. Dzhambov et al. (2018c) observed significant positive associations between 
vegetation availability within a 300m buffer but found an insignificant association for the availability 
of blue space within the same AOI when associated with mental health. Additionally, Dadvand et al. 
(2014) observed significant associations with available NDVI and low BMI for buffers below 500 
meters, but the same associations became insignificant at buffer distances above 500 meters. This 
evidence indicates that different spatial approaches of assessing availability exposure (e.g., in terms of 





3.6.2 Accessibility to and from greenspace 
Accessibility to greenspace is the second most widely used measure of exposure in health 
studies. In this review, several studies (n = 48) used measures of accessibility to represent proximity to 
greenspace. In quantifying accessibility based on proximity, fixed distance in terms of Euclidian buffers 
(n = 18), shortest or nearest distance using both Euclidian and network methods (n = 24), and both fixed 
and shortest measures (n = 6) were applied in the articles. The review suggested that different 
accessibility measures provided different results in terms of health.  
For example, Cutts et al. (2009) found access to local parks within a fixed distance of 400m 
was significantly associated with health indicators, while Pietile et al. (2015) found that increasing the 
distance from the greenspace beyond 1000m was associated with negative health outcomes. Mukherjee 
et al. (2017) found a significant positive association between the shortest distance to the nearest 
greenspace and a reduction in depression. However, Michael et al. (2014) found no significant 
association between the shortest distance to a park (e.g., increasing accessibility) and BMI reduction. 
Jonker et al. (2014) observed a significant association between average shortest distance to greenspace 
and life expectancy. These examples highlight the fact that varying fixed distances to and from 
greenspace might also influence the results in relation to different aspects of health (e.g., physical or 
mental health).  
It should be noted that accessibility was often used in combination with availability to assess 
the influence of greenspace. Thus, it cannot be confirmed that the varying health outcomes were linked 
exclusively to differences in accessibility (Cusack et al., 2017; Laatikainen et al., 2017; Sarkar et al., 
2013). Using different methods to define and measure accessibility might influence the level of 
significance of the association between greenspace and health indicators.  
3.6.3 Visibility of greenspace 
An alternative measure of exposure assessment involves calculating the visibility of greenspace 
or greenness from individual and common points of view (POVs). In this review, seven papers used 
visibility as a measure of exposure to greenspace or greenness, and with only one exception (van Dillen 
et al., 2011), all of them were recently published (i.e., 2016-2018). Out of the seven articles, six found 
a significant positive association between greenspace/greenness visibility and health outcomes (Nguyen 
et al., 2018; Taylor et al., 2018; Villeneuve et al., 2018; Li and Ghosh, 2018; Nutsford et al., 2016; van 
Dillen et al., 2011). The seventh article found a positive but not significant association between visibility 
and walking frequency (Zhai and Baran, 2016). The visibility measures used in these articles included 
the vertical visibility index (VVI) using a digital elevation model (Nutsford et al., 2016); Google Street 
View panoramic image analysis using a convolutional neural network (Nguyen et al., 2018; Li and 
Ghosh, 2018; Villeneuve et al., 2018); and lateral visibility based upon graph analysis (Zhai and Baran, 




Nutsford et al. (2016) used buffer distances (e.g., more than three km). In contrast, Zhai and Baran 
(2016) did not use any zone or defined exposure boundary, instead, evaluating lateral visibility along 
the pathways (i.e., how much people can see surroundings when walking) based on the space-syntax 
method, making visibility a function of interruptions of lateral sightlines due to the presence of 
greenness.  
The use of different GIS methods made it difficult to compare the effects of visibility on health 
and health-related behaviour. However, evaluating the association between the visibility of greenness 
and health indicators is merited, given its link to perceptions and other factors that influence health 
(Villeneuve et al., 2018; Ward Thompson et al., 2010; Kaplan, 2001).  
3.7 Built environment factors 
In addition to exposure, the wider use of geospatial methods in the surveyed articles was 
observed in the determination of environmental characteristics and spatial association analysis. Built 
environment factors were often used as mediators or moderators of greenspace-health associations (n = 
40). We identified 17 unique built environment factors considered in the reviewed articles. However, 
the most commonly used factors included walkability (Christian et al., 2017; Ulmer et al., 2016; Su et 
al., 2016; Yin, 2013; Lovasi et al., 2013; Cutts et al., 2009); urbanicity/degree of urbanisation (Egorov 
et al., 2017; Sarkar et al., 2018; Sarkar, 2017; Markevych et al., 2014b; Wolch et al., 2011); road density 
or connectivity (Wu and Jackson, 2017; Su et al., 2016; Burgoine et al., 2015; Coombes et al., 2010); 
and land use mix or diversity (Zandieh et al., 2017; Sarkar et al., 2013). Interesting factors such as home 
yard area availability (Christian et al., 2017), community design (Almanza et al., 2012), and 
imperviousness (Wolch et al., 2011) were also used in examinations of greenspace and health. Many of 
the built environment factors tended to show significant associations with health indicators. For 
example, greater diversity in land uses encouraged walking. However, others showed negative 
associations (e.g., higher road density induced more traffic and reduced walkability; Zandieh et al., 
2017; Lovasi et al., 2013).  
A few studies also applied spatially explicit environmental factors such as air pollution and 
noise pollution as mediators (n = 18). Some studies found air and noise pollution significantly mediated 
the health and greenspace relationship (Agay-Shay et al. 2019; Gascon et al., 2018; Vienneau et al., 
2017; Demoury et al., 2017; James et al., 2016; Su et al., 2016). By contrast, Dzhambov et al. (2018c) 
indicated that NO2 pollution had an insignificant mediating effect. Despite the fact that greenspace is 
usually a significant mediator/moderator, several studies found that the proactive effect of greenspace 
as a mediator can be quite low (< 10%) in terms of health outcomes (Vienneau et al., 2017; Gascon et 
al., 2018; James et al., 2016). It is possible that where there was no considerable effect of greenspace 
on air quality or where the effect was only marginal, the concentrations of pollutants exceeded the 




3.8 Spatially explicit association analysis and spatial autocorrelation 
Geospatial methods were also directly used in several studies to model spatial associations 
between greenspace and health outcomes as an alternative to the common approach of analysing these 
associations using logistic, linear, and Poisson regression and survival modelling. Wu and Jackson 
(2017) and Su et al. (2016) applied spatial regression and found a significant association between health 
and greenspace, particularly in terms of land use types (e.g., parks, urban amenity spaces). Sarkar et al. 
(2013), Yin (2013), Koohsari et al. (2013), and Zhai and Baran (2016) applied space-syntax methods, 
using the DepthMap software to determine accessibility, configurations of paths within parks, 
walkability, and impact on walking behaviour. This approach accounted for the built environment, 
allowed the determination of overall accessibility and visibility, and provided greater detail concerning 
greenspace use. It accounted for how much people walked, indicated the areas that were perceived to 
be more usable, and identified what attributes of an area correlated to more people walking (Zhai and 
Baran, 2016). In addition to deterministic modelling, Yin (2013) applied an agent-based model (ABM) 
when predicting walkability conditions based on a variety of greenspace and built environment 
characteristics. Yin’s research demonstrated that spatially explicit ABM models could successfully 
predict walking behaviour based on greenspace and built environment characteristics. As a result, Yin’s 
simulation models can aid in understanding the influence of built environment factors in determining 
levels of walkability and related exposure in the context of various urban environmental contexts.  
Greenspace, health, and related socio-economic data often show spatial autocorrelation. 
Therefore, statistical associations may also show geographical bias and result in a violation of the 
assumption of independence of residuals and Type-I error estimation (Helbich et al., 2018; Wu et al., 
2018; Hystad et al., 2014; Waller and Gotway, 2004; Diniz-Filho et al., 2003). Among the reviewed 
articles, nine studies considered spatial autocorrelation. Among these studies, four found the presence 
of spatial autocorrelation (Helbich et al., 2018, Browning and Rigolon, 2018; Wu et al., 2018; Almanza 
et al., 2012); three studies reported no significant presence of spatial autocorrelation (Li and Ghosh, 
2018; Egorov et al., 2017; Hystad et al., 2014); and two studies considered the presence of spatial 
autocorrelation without testing or adjusted the models to minimise autocorrelation errors (Yeager et al., 
2018; Jonker et al., 2014). These studies applied several approaches to adjusted spatial autocorrelation 
such as smoothing using kernel density (Almanza et al., 2012); spatial moving average (Browning and 
Rigolon, 2018); and Bayesian spatial models along with traditional regression models (Helbich et al., 
2018; Wu et al., 2018). Results of these models indicated that spatial autocorrelation could influence 
the association between greenspace and health, and therefore, it should be considered carefully (also 





4.1 Spatial scale and geographic exposure area 
We found substantial variation in the selection of study scale and corresponding geographic 
exposure areas (e.g., AOI). Other reviews have reported similar findings with respect to AOI sections 
(Nordbø et al., 2018; Jia et al., 2017). The present review determined that studies in health-greenspace 
relationships mostly utilized personal, neighbourhood, and city/district scales to set the spatial contexts 
of their research. Neighbourhood was the most commonly used scale, but researchers utilized a wide 
variety of definitions when conceptualising the geographic scale and area of the neighbourhood. The 
egocentric definition of neighbourhood based on fixed or network distances around geocoded addresses 
was popular among recent researchers (Nordbø et al., 2018) as it provided consistency in the definition 
of the geographic scale and area of neighbourhood when fixed-distance methods were applied (Chaix 
et al., 2013). In contrast to these egocentric models, allocentric approaches (e.g., the use of an 
administrative zone as a proxy for neighbourhood definitions) are more likely to produce a biased 
estimation of the exposure area based on the location of the home within the defined administrative 
boundary (Chaix et al., 2013).  
In addition to variations when defining neighbourhoods, the potential presence of scale effects 
related to MAUP provide additional variations in spatial scales and corresponding geographic exposure 
areas that are likely to influence identified associations between greenspace and health (Su et al., 2019). 
These circumstances imply that a larger scale with greater spatial aggregation may present a more 
significant association (Houston, 2014; Mitra and Buliung, 2012; Dark and Bram, 2007). The reviewed 
articles indicated possible support for the presence of scale effects. Studies that used an egocentric 
neighbourhood and found a significant association between health and greenspace (n = 51) used mostly 
larger buffer distances to define their neighbourhood scale.  
Studies using larger district/city scales all found a positive association between greenspace and 
health. By contrast, similar studies that considered egocentric neighbourhoods and personal scales (n = 
5) found insignificant associations. The differences between these two groups of studies (larger vs. 
smaller scale) indicated the importance of the definition of the spatial scale. Despite the fact that such 
differences in buffers were not statistically significant (at the p > 0.05 level), possibly due to smaller 
sample sizes and larger standard deviations of buffer distances, such evidence suggests that the potential 
presence of a scale effect when aggregating data at different buffer distances. The larger-scale studies 
mostly found evidence of a significant association between health and greenspace; however, the effect 
size or strength of association became smaller or inconsistent, which was also found other studies (Su 
et al., 2019, Helbich, 2019; Houston, 2014; Wolch et al., 2011).  
We found that the exposure areas used in most of the studies were determined by the spatial 




that utilized different definitions of scale also utilized different distance values and approaches (e.g., 
Euclidian or network). Buffer distances used to measure availability and accessibility should be 
subjected to sensitivity analysis when determining exposure levels (Reid et al., 2018; Dzhambov et al., 
2018a; Dzhambov et al., 2018b; Dadvand et al., 2014). Using only a single buffer or multiple buffers 
without considering overlapping zones limits or removes the possibility of understanding at which 
spatial extent different exposures provide better results (Browning and Lee, 2017).  
In this review, we found no provision made in any of the studies reviewed for the utilisation of 
overlapping zones of buffers. There was also no indication provided in the studies as to whether the 
authors used generalised or non-generalised buffers (Forsyth, 2007). Instead, aggregated buffer zones 
had been considered for the exposure area in most of the studies. It can be argued that often an 
aggregation of exposures to a collection of buffers might produce significant results, but this is again 
possibly due to the presence of the scale or zonal effect of the MAUP (Su et al., 2019; Kwan, 2018; 
Houston, 2014; Dark and Bram, 2007). Usually, the selections of buffer distances were arbitrary due to 
a lack of empirical guidance relating to the appropriate distance for buffers (Nordbø et al., 2018; 
Browning and Lee, 2017). Analysis should be conducted to identify the buffer distances appropriate for 
different metrics of greenspaces (e.g., NDVI, Leaf area index, LULC), considering the influence of 
scale effects and MAUP. 
The use of discrete buffer zones also implies that the relative importance of greenspace 
availability, accessibility, or visibility is uniform across space. However, this may not be the case and 
instead the influence of greenspace or greenness might be assumed to exhibit distance decay over space 
within specific spheres of influence (Egorov et al., 2017). For example, a drop-off in influence might 
be seen due to the relative importance of the immediate proximity of peoples’ homes for exposure to 
environmental hazards, as indicators of the areas experienced most frequently, whether for passive or 
active uses, and/or as a marker of what gives a place a sense of belonging (Xie et al., 2018). This sort 
of spatial relationship might lead itself to representation through the use of kernels, weighted functions 
or fuzzy logic (Malczewski, 2006; Boroushaki and Malczewski, 2008; Labib, 2019). Although there 
are examples of the use of distance decays (Egorov et al., 2017; Requia et al., 2016) there is yet little 
evidence of the use of such approaches in the literature. 
4.2 Improved data to measure and represent greenspace/greenness 
A range of land use/land cover (LULC) and satellite-based greenspace measurement methods 
was used in the papers under review for objectively quantifying and representing greenspace for the 
purpose of testing connections with human health. However, the LULC databases often adopted in the 
reviewed articles are coarse in spatial resolution. For example, the CORINE, TIGER, Urban Atlas 2006 
(European Environment Agency), and Top10NL datasets have a spatial scale of 1:100,000, indicating 




coarse resolution datasets with greater aggregation and different exposure areas (e.g., based on buffer 
zones) are likely to provide inconsistent associations between greenspace and health, especially a higher 
likelihood of correlations with higher degrees of aggregation (Su et al., 2019; Reid et al., 2018; Houston, 
2014).  
Furthermore, neither CORINE nor Urban Atlas 2006 includes green areas of less than 25 
hectares (ha) (Dennis et al., 2018; Triguero-Mas et al., 2015). Therefore, national, regional, or even 
local LULC datasets might not register small greenspaces such as pocket parks due to the generalisation 
and aggregation process in GIS (Reid et al., 2018; Houston, 2014; Dadvand et al., 2012). Similar 
problems may occur with the use of moderate or low-resolution optical satellite images such as Landsat 
(spatial resolution 30 meters) or MODIS (spatial resolution 250 meters). For these data sources, green 
or blue areas less than 900 square meters in Landsat (0.09 ha), or 62,500 square metres for MODIS 
(6.25 ha) would likely be misclassified when using NDVI or other indices (e.g., SAVI or EVI; de 
Keijzer et al., 2019; Markevych et al., 2017; Wilker et al., 2014). Thus, with a larger cell size (moderate 
or low resolution), smaller areas of the natural world are inappropriately illustrated in the images 
collected or processed from these satellite imaging systems (Xu et al., 2017; Su et al., 2019). These 
issues may help explain the different associations found when using alternative satellite imagery 
sources. For example, Reid et al. (2018) observed insignificant associations with individual health 
outcomes when using MODIS greenness data but found significant associations for the same health 
outcomes with higher resolution data (i.e., Landsat). 
The low spatial resolution of the data and corresponding omissions of smaller greenspaces are 
critical difficulties with much of the data available from satellite imagery (Dadvand et al., 2012). Wood 
et al. (2017) demonstrated that smaller pocket parks, not properly identified using many satellite 
imaging systems, have significant associations with mental health improvements. Additionally, Jansen 
et al. (2017) found that medium-size parks (7 to 27 ha) positively induce moderate and vigorous physical 
activities. Hooper et al. (2018) used LULC data at a 1:2,000 scale (compared to a 1:100,000 scale) and 
found that small greenspaces of 0.4 to 1 ha were more common and accessible to residents within 400 
meters, compared to large scale greenspace of more than 5ha. This finding indicates that the spatial 
resolution of satellite imagery is crucial to properly measure the level of exposure for different pathways 
of exposure benefits (e.g., availability, accessibility).  
Considering the issues identified with low-resolution satellite imagery in the context of smaller 
urban greenspace identification while using the LULC database or satellite images, higher spatial 
resolution data should be given greater emphasis (see also Su et al., 2019; Reid et al., 2018; Labib and 
Harris, 2018; Markevych et al., 2017). For example, in the UK, the newly released 2017 OS Mastermap 
greenspace layer provides 18 categories of greenspace, with a very fine resolution of 1:2,500. Dennis 
et al. (2018) have pointed out that with the availability of such detail, LULC data, along with high-




measurement compared with low-resolution Urban Atlas data. Future studies intending to use LULC 
data should seek more detailed LULC data, along with high spatial resolution satellite images for feature 
extraction (Su et al., 2019; Reid et al., 2018). Examples of systems that can provide such data include 
Sentinel-2 at 10 m spatial resolution (Labib and Harris, 2018), LiDAR-based systems (Klingberg et al., 
2017), and high-resolution EnviroAtlas community scale land use data at a 1-m spatial resolution 
(Egorov et al., 2017). For cross-checking LULC, studies can also use very high-resolution Google Earth 
images and commercial satellite images such as Geo-Eye or Worldview (Su et al., 2019; Labib and 
Harris, 2018; Mukherjee et al., 2017). 
Another critical aspect of representing greenspace or greenness is the differences between 2D 
and 3D representation using spatial data. In this review, we found most of the datasets used when 
representing greenness or greenspace (e.g., LULC, NDVI, and Tree Canopy) are seen from a bird’s eye 
view and thus, are 2D in their representations (Jiang et al., 2017). Except for geo-tagged Google Street 
View images, none of the greenness data sources provide eye-level views of greenspace or greenness 
(Helbich et al., 2019; Nguyen et al., 2018; Li and Gosh, 2018). Additionally, the potential use of 
methods to represent greenspace in 3D and assess what can be observed at a particular viewpoint remain 
less well explored (Nutsford et al., 2016; Dempsey et al., 2018; Villeneuve et al., 2018). 
Although not the only pathway through which human health is influenced, some have suggested 
that greenspace observation alone can be important (Kaplan, 2001; Kaplan and Kaplan, 1989; Ratti, 
2004; Van den Bosch and Bird, 2018; Zhai and Baran, 2016). Despite Rhew et al. (2011) validating the 
NDVI-based measurement in reference to the eye-level measurement of greenness by expert review, a 
more recent study by Jiang et al. (2017) suggests that optical remote sensing images may not always 
adequately represent the actual ‘greenness’ observed at eye level. Gehl (2013) supports this observation, 
noting that, along a straight line at eye level, people observe around 50 to 55 degrees upward and 70 to 
80 degrees downward and often fail to witness objects that are outside this viewing range. Using 2D 
data, such as LUCL or NDVI, to measure greenspace exposure in terms of availability or accessibility 
may not be adequate to indicate the overall impact of greenspace on health. 3D data (e.g., GSV, digital 
elevation model) within the viewing angle available at eye level should be given proper attention to 
understand the visibility exposure and greenness perception of people and how these measures relate 
with health indicators (Helbich et al., 2019; Li and Ghosh, 2018; Nutsford et al., 2016). 
4.3 Greenspace exposure assessments  
We found that availability and accessibility, as measures of greenspace exposure, dominated 
the papers in the review and largely supported the positive association between greenspace and health 
(Halonen et al., 2017; De Keijzer et al., 2019; Laatikainen et al., 2017; Dadvand et al., 2017; McMorris 
et al., 2015; Tamosiunas et al., 2014; Mytton et al., 2012). However, these measures are limited by their 




There are also limits in the way that these pathways are conceptualised and represented spatially, 
something which could be improved by using more sophisticated analytical approaches. Furthermore, 
these exposures are also unable to capture seasonality and the temporal dimensions of greenspace, along 
with their quality (Dzhambov et al., 2018a, Van den Berg et al., 2017). Different data types representing 
greenspace or greenness may produce variations in the level of availability or accessibility exposure. 
As illustrated in Figure 2, different types of greenspace-related data and metrics have different levels 
of availability exposures. Similar findings were observed in Abelt and McLafferty (2017) and Gascon 
et al. (2018).  
We observed that availability exposure assessments and their relationships with health data 
varied based on the type of greenspace metrics (e.g., NDVI vs tree canopy; NDVI vs. EVI); the 
resolution of spatial data (MODIS vs. Landsat); the buffer distances used to set the exposure area (e.g., 
400 m vs. 1600 m); and the spatial scale of analysis and health indicators under consideration (e.g., 
BMI, skin cancer, mortality, depression; Dzhambov et al., 2018c; de Keijzer et al., 2019; Andrusaityte 
et al., 2016; Dadvand et al., 2014; Potestio et al., 2009) (more in section 3.6.1). Therefore, careful 
attention should be given in terms of the selection of scale of analysis, buffer distances, and type and 
resolution of data while assessing the availability exposure. Systematic investigation would be required 
to understand appropriate buffer distances for certain greenspace data (e.g., distance appropriate for 
different satellite images, or NDVI or Leaf area index). 
In addition to availability exposure, accessibility exposure is also limited by how accessibility 
is measured if only the shortest distance to the nearest greenspace is considered rather than other 
available greenspace within the exposure area. Furthermore, issues remain related to which greenspace 
should be considered for accessibility (e.g., public parks, school grounds, or sports facilities). All these 
might result in under or overestimating availability and accessibility exposure. We identified 
inconsistency in associations depending on different methods used in measuring accessibility (e.g., 
shortest distance vs. fixed distance; 300 metres vs. 5000 metres) and in choosing health indicators (e.g., 
physical activities, mental health; Cusack et al., 2017; Laatikainen et al., 2017; Klompmaker et al., 
2018; Vogt et al., 2015; Koohsari et al., 2013) (more in section 3.6.2). These differences highlight the 
potential impact of spatial methodological decisions when conducting accessibility assessments. 
Further investigation is required when selecting a distance measurement approach for accessibility and 
combining multiple accessibility assessment approaches. To ensure the consistency and comparability 
of results based on available data, all the possible types of availability and accessibility measurements 
that are available should be considered according to the likely cumulative effects of exposures on the 
outcome of interest. 
The review indicated there was limited use of visibility exposure assessment in current studies 
(also Houlden et al., 2018), despite the fact that visibility plays a vital role in making people comfortable 




Thompson et al., 2010; Kaplan, 2001; Ulrich et al., 1991) (more in section 3.6.3). Most of the current 
studies used availability and accessibility while ignoring the variations in greenspace/greenness 
exposure due to the varying visibility attributed to individuals’ dynamic movements in space and time 
(Jiang et al., 2017; Nguyen et al., 2018). As visibility is a key indicator of greenspace use and related 
feelings, visibility exposure should be incorporated into future assessments through the use of tools and 
methods such as Google Street View (Helbich et al., 2019; Larkin and Hystad, 2018; Li and Ghosh, 
2018); SPOTLIGHT protocol for using Google Street View images (Bethlehem et al., 2014); and a 
viewshed-based 3D GIS approach (Nutsford et al., 2016).  
It should be noted that availability, accessibility, and visibility exposure are usually static in 
their estimation process as they do not take account of the frequency of visits to greenspace or the 
duration of exposure. Frequency and duration are important exposure indicators that are largely missing 
in the majority of the studies we reviewed. Few studies considered the temporal aspect of exposure 
(Zhang et al. 2018; Triguero-Mas et al., 2017a; Van den Berg et al., 2017; White et al., 2017; 
Tamosiunas et al., 2014; Matisziw et al., 2016). Van den Berg et al. (2017) considered the time spent 
in greenspace (co-location) to be a mediator variable and used a survey-based method to determine such 
exposure. Triguero-Mas et al. (2017a) also used the length of time in “contact with greenspace” as a 
measure of exposure.  
Frumkin et al. (2017) argued that even if individuals living in the same neighbourhood have 
similar exposure in terms of availability, accessibility, and visibility, each individual will experience 
exposure differently based on visit frequency and duration. Thus, time as an attribute of greenspace 
exposure is vital because depending on the temporal aspect, the exposure level can be significantly 
modified, which can, in turn, influence the strength of association between greenspace and health 
(Bratman et al., 2019; Dzhambov et al.,  2018a; Triguero-Mas et al., 2017a; Bratman et al., 2015). 
Therefore, only considering fixed geographic exposure areas may fail to capture the dynamics of 
greenspace exposure when moving from one place to another for different activities (Helbich, 2018; 
Zhang et al. 2018). A focus on fixed exposure also cannot take account of the direct benefits of 
greenspace that persist over time just by being in close proximity to greenspaces (e.g., the cooling 
effects of parks at different times of the day and night; Coppel and Wustemann, 2017; Kaczynski et al., 
2014; Beyer et al., 2014). Availability, accessibility, and visibility may not be sufficient measures of 
exposure or of the benefits obtained from greenspace for health. Combined spatio-temporal components 
of exposure should ideally be included in exposure measurements to better understand the effects of 
greenspace on health along different pathways (Dadvand et al., 2019; Zhang et al. 2018; Helbich, 2019; 
Helbich, 2018).  
The review paper indicated that spatially explicit exposure measurements (mostly availability 
and accessibility) tend to represent the quantity of greenspace/greenness, rather than the quality or 




perceptions (Leslie et al., 2010), but they can provide the basis for the assessment of landscape diversity. 
Hence, researchers often use quantity as a surrogate representation of the quality or attractiveness of 
greenspace (Wheeler et al., 2015; Cutts et al., 2009). The combination of both quantity-based exposures 
with quality-based exposures might provide a more robust estimation of greenspace (Jonker et al., 2014; 
Van Dillen et al., 2012). For this reason, Rugel et al. (2017) proposed a natural space index of exposures 
that incorporates both the quantity and quality of exposures.  
Ultimately, developing and testing multi-scale composite greenspace exposure assessment 
methods should be given the greatest priority, due to their potential to address different types of 
exposures comprehensively.  From the perspective of the 93 studies considered as a whole, it would 
appear that combining availability, accessibility, visibility (at eye level), time duration, and personal 
perception (Schipperijn et al., 2017; Cleary et al., 2019) into a dynamic composite that also takes 
relevant human traits into account could create a comprehensive composite measure of all the factors 
that might influence the level of exposure.  
4.4 Spatially explicit methods for health indicator measurements  
Apart from scale setting, exposure area determination, and exposure assessment, innovation in 
geospatial technologies has enabled researchers to use spatial technologies such as GPS as part of an 
armoury of methods to assess health outcomes associated with physical activities. Active transportation 
is now a common concept in research into health geographies due to the robustness in capturing and 
representing the relationship between the surrounding environment and health conditions (Triguero-
Mas et al., 2017a; Burgoine et al., 2015; Mitra and Buliung, 2012; Zenk et al., 2011). In this review, we 
found GPS trackers, accelerometers, and pedometers were used as devices that could provide 
personalised and dynamic objective data on activities that could act as direct or surrogate health 
indicators (Zhang et al. 2018). The effectiveness of these devices is reflected in the popularity they have 
gained among researchers and authors of current health-related articles, as other studies have noted 
(Rosenberg, 2017; Huck et al., 2017).  
Measuring the minutiae of human movement and human activities has several current 
limitations, including data intensity requirements, which means that this method is often applied for 
only a few days to collect observations from limited numbers of individuals (Ward et al., 2017; 
Burgoine et al., 2015; Almanza et al., 2012). Such small samples pose problems for generalising results 
in larger populations (Rosenberg, 2017). Nevertheless, using GPS-based geotagged data to record the 
physical movements of individuals using fitness tracker apps (e.g., Fitbit, Google-fit) has the potential 
to produce large volumes of objectively measured data that represents health through proxy indicators 
(e.g., the number of steps taken in a day or heart rate). Such data sources could help researchers to 
address the limitations arising from small sample sizes and insufficient data from which to generalise 




et al., 2013). However, GPS-based methods often generate different biases from the sample, such as 
selective daily mobility bias, walking behaviour or physical activity behavioural alteration bias when 
sample or observation data are included in the process (Burgoine et al., 2015; Chaix et al., 2013). 
Furthermore, GPS-based studies often face issues with GPS inaccuracy, missing data, misclassification 
of activities (e.g., walking, running), or the intrusion of noise from other digital devices operating on 
the same frequencies as Wi-Fi and Bluetooth devices (Helbich, 2018; Ueberham and Schlink, 2018; 
Chaix et al., 2013). Nonetheless, the application of GPS-based dynamic exposure assessments and 
health outcome measurements do have great potential with the advent of smartphones and the wider 
availability of cellular and wireless internet access.  
4.5 Need for spatial association analysis 
The analysis of associations between health outcomes and greenspace variables is mainly 
conducted using non-spatial statistical models (e.g., linear, logistic, Poisson). Tests of spatial 
autocorrelation are principally used to assess spatial correlation in regression residuals, and there is little 
explicit exploration of local regression or consideration of other spatial phenomena like MAUP 
(Fotheringham, and Rogerson, 2008; Waller and Gotway, 2004). Usually, all spatial data inherently 
possess spatial autocorrelation, and remote sensing data of natural objects even show stronger positive 
spatial autocorrelation (Griffith and Chun, 2016; Zhang et al., 2009). Applying non-spatial models 
while using such correlated observations raises two major issues; (a) the presence of autocorrelation 
violates the assumption of independence of observations, and correlated observations contain less 
statistical information, reducing the effective sample size; (b) positive autocorrelation also results in 
variance inflation due to multicollinearity (Griffith and Chun, 2016; Bivand et al., 2008; Waller and 
Gotway, 2004). Both of these issues can affect non-spatial statistical models so that they produce more 
apparently significant results than the data actually justifies, often leading to the incorrect rejection of 
a null hypothesis (Type-1 error; Griffith 2013; Waller and Gotway, 2004; Dale and Fortin, 2002). Thus, 
associations analysed without considering spatial autocorrelation might not be robust, accurate, and 
meaningful. For greenspace and health studies, we observed a lack of testing and reporting of spatial 
autocorrelation among the existing studies. However, in studies where authors adjusted their models for 
spatial autocorrelation, significant positive statistical associations between greenspace and health were 
still found (e.g., Browning and Rigolon, 2018; Helbich et al., 2018; Almanza et al., 2012). 
Another issue that requires more examination is the potential effect of data aggregation and the 
use of varying buffer distances. Aggregation of spatial data is likely to produce MAUP and may also 
introduce higher correlations among the observations (Fotheringham and Rogerson, 2008; Bivand et 
al., 2008; Waller and Gotway, 2004), particularly for satellite image driven greenspace exposure metrics 
(Su et al., 2019; Reid et al., 2018). In order to test the presence of spatial autocorrelation, a few widely 
used methods are available, including Moran’s I, Geary's c, semi-variance analysis (details in Griffith 




several solutions are available. Consideration should be given to perform (a) a spatial regression (e.g., 
a Bayesian spatial model, simultaneous autoregressive model, or spatial lag model); (b) smoothing data 
using spatial filtering (Griffith 2013; Tiefelsdorf and Griffith, 2007); (c) randomising data using a 
Monte Carlo approach; and (d) applying local geographically weighted regressions (GWR). Detailed 
discussion and application of these tools can be found in Griffith (2013), Bivand et al. (2008), Waller 
and Gotway (2004), and Fotheringham et al. (2003). Overall, applying spatial models when testing the 
association between greenspace and health should be considered in future studies to ensure the 
associations are robust and free from biases due to inaccurate/improper use of spatial data and methods. 
4.6 Need for protocol and metadata 
Our review of the selected articles indicated great variety in the spatial scale, data, and methods 
used between the different studies investigating the relationships between greenspace and health. This 
variety of approaches makes a comparison of the studies difficult and complicates the generation of 
clear messages for policy and practice. There are also resultant difficulties in validating results and 
exploring dose responsiveness through the meta-analysis of greenspace and health relationships, issues 
as noted by Markevych et al. (2017) and Nordbø et al. (2018). Although Twohig-Bennett and Jones 
(2018) offered a meta-analysis of greenspace exposure and health outcomes (e.g., blood pressure), they 
used qualitative measures for comparing the highest and lowest level of greenspace exposure and failed 
to consider the scale, the type of spatial data, or the influence of different methodological approaches 
used in those studies, limiting the understanding of the degree and type of greenspace exposure that is 
crucial for a cumulative assessment of health impacts.  
These issues call for the development of a standard protocol for using or reporting spatial scale, 
data, and methods in health and greenspace studies. Such a protocol would help to produce more 
consistent and practical measures for the implementation of greenspace-related strategies and help 
researchers conduct quantitative meta-analyses in the future. Currently, few protocols are available for 
using GIS in built environments and health-related studies (Forsyth, 2012; Forsyth, 2007), and those 
that are available are not typically focused on greenspace and health. However, existing protocols can 
aid researchers in developing other protocols for greenspace and health studies where the details of the 
scale definition, the exposure area, the best resolution spatial data, and the methodological approaches 
(e.g., buffer types and distances) would be listed based on the various foci of the studies (e.g., physical 
or mental health). In addition to a lack of developed protocol, we also found that the studies did not 
fully record the meta-data of the data types used in the analysis. If greenspace analysis is to become a 
key aspect of public health studies, then meta-data will be crucial to address validity, replicability issues 
(Habermann, 2018). Meta-data helps to understand spatial data in detail (e.g., resolution, data type), 
enables data sharing, and thus, it can be used to replicate, reproduce studies (Kedron et al., 2019); and 
meta-analyses, as well as to create actual policy decisions and programs for greenspace interventions 




4.7 Strengths, limitations and implications of this study 
Our systematic review has added key insights about the spatial dimensions widely used in 
health and greenspace studies (e.g., scale, exposure area, and spatial data). Unfortunately, the lack of 
consistent reporting of spatial methods and key spatial data characteristics meant it was not possible to 
conduct an associated meta-analysis. We observed wide heterogeneity across studies regarding data 
types; scale; exposure assessment approaches; analytical methods (e.g., statistical, types of regression, 
spatial associations); and health indicators. Additionally, several studies did not report all the 
information (e.g., the scale of analysis, buffer types, resolution of land use data) required to perform a 
meta-analysis considering spatial dimensions. We recommend that future studies provide meta-data to 
assist with conducting robust meta-analyses. 
There were also some limitations in the systematic review. Firstly, papers with little explicit 
consideration of GIS and spatial analysis were not included. We recognise that underpinning research 
may have used such methods and that they were reported elsewhere. Thus, some studies where results 
were reported over several papers and reports were excluded. Secondly, there are some health-related 
outcomes that were not explicitly covered. For example, the analysis of associations between 
greenspace and cognitive development is an emerging area of research, and spatial data and methods 
are also integrated in such research (Browning and Rigolon, 2019; Markevych et al., 2019; Browning 
et al., 2018; de Keijzer et al., 2016; Dadvand et al., 2015). However, in this review, we limited our 
search terms to more explicitly health-related keywords, and these did not identify cognitive 
development-focused studies. We acknowledge that a review of how spatial dimensions influence the 
association between greenspace and cognitive development would also be useful. A systematic review 
by Browning and Rigolon (2019) provided critical insights about the association between greenspace 
and academic performance, and this review considered few spatial dimensions (e.g., buffer distances, 
GIS datasets). Thirdly, many of the studies were carried out urban settings, which may have a bearing 
on the results obtained. Finally, we recognise that this is a fast-moving field, and new studies emerge 
frequently. Our review provides insights into papers published within a particular time frame (i.e., 2009-
2018). It inevitably excludes papers published outside of this period. 
Despite these limitations, this review has vital practical and academic implications. It is one of 
the first review papers (to our knowledge) to consider most of the key spatial dimensions in the field of 
health and greenspace research. Thus, this paper provides suggestions for how researchers should 
design their investigations when determining scale, exposure area, exposure types, spatial data 
limitations, and further improvement opportunities. Furthermore, our categorisation of scale, data, and 
exposure types can act as a guideline for researchers to quantify greenspace exposure comprehensively. 
This can also help planners, practitioners, and policymakers to decide what type of greenspace exposure 
is needed at what scale in order to optimise the public health benefits of greenspace. Finally, this review 




consistent in their processes. Greater consistency would allow the results to be more easily recreated, 
validated, and evaluated for transparency and reliability, qualities that are important when using data 
for meta-analyses and practical policy formulation. 
5. Conclusion 
In this paper, we have reviewed the overall usage and application of spatial theories and 
methods in greenspace and health related studies. We systematically reviewed 93 articles and critically 
assessed the spatial scale, data and analytics that are integrated into the methods and the processes by 
which we can understand the association between greenspace and health. We used this to identify the 
potential influence of spatial factors (e.g., scale, data, and exposure) on reported associations.  
We found wide use of neighbourhood scales (mostly egocentric) in defining exposure areas, 
but noted that the variations in the scale of analysis influenced the level and strength of associations 
with health outcomes. In the determination of exposure, availability and accessibility were the most 
common measures. They were often used together though not consistently. In addition, we found less 
research into visibility exposure and temporal aspects, both of which are important for understanding 
the impact of greenspace on health. With respect to variation in scales, exposure areas and exposure 
types across the studies, we found the use of low and moderate resolution spatial data to be associated 
with the inadequate representation of greenspace. Amongst all of the studies we found inconsistencies 
in the use of exposure areas and GIS methods, especially for buffering and distance measurements, as 
well as ambiguity in reporting of spatial metadata, therefore we concluded the variations in the 
association between health and greenspace exposure might be (to some extent) caused by the variations 
in using different spatial scale, data, exposure types across different studies.  
For future studies, we recommend the following: 
(i) Use of spatial data 
Future studies should consider using improved sources of spatial data (e.g., higher resolution 
satellite images). In particular, the use of open-access sentinel satellite images should be encouraged 
(Markevych et al., 2017) as well as finer resolution sources of other data used to represent greenspace.  
(ii) Selecting distance buffers and scales of analysis 
Selecting appropriate buffer distances should be a key consideration. Buffer distances set not 
only the exposure area but also the spatial unit and scale of analysis. Two key issues should be given 
more careful attention: (a) selecting buffers depending on the health focus (e.g., the existing evidence 
explaining physical and mental health associations) and (b) selecting distances based on the type of 
greenspace exposure data (e.g., the spatial resolution of satellite imagery; Su et al., 2019). The scale 




autocorrelation. In addition, the type of buffers (e.g., aggregate buffers or overlapping or nested buffers; 
Browning and Lee, 2017) should be made clear in reporting to support meta-analyses.  
(iii) Improved exposure assessment 
Future studies should consider improving greenspace exposure assessments. In this regard, 
multi-scale composite exposure assessment (e.g., combined availability, accessibility, visibility) should 
be given a high priority.  
(iv) Spatial analysis 
In addition to classic statistical modelling to analyse the association between exposure and 
health, spatial modelling and regression approaches should be emphasised. It is particularly important 
to ensure that spatial autocorrelation tests are considered and any corrections made.  Spatially explicit 
methods and local regression (e.g., GWR) can be usefully employed alongside classic statistical models.  
(v) Metadata and protocol 
In order to compare results (e.g., in a meta-analysis), check the validity of research outcomes, 
and maintain consistency in this area of research, we recommend the development of GIS protocols and 
the rigorous reporting of spatial meta-data related to greenspace and health studies.  
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greenspace OR green 
infrastructure OR 
Urban green space OR 
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( TITLE-ABS-KEY ( green  AND  space )  OR  
TITLE-ABS-KEY ( blue  AND  space )  OR  
TITLE-ABS-KEY ( greenspace )  OR  TITLE-
ABS-KEY ( green  AND  infrastructure )  OR  
TITLE-ABS-KEY ( urban  AND  green  AND  
space )  OR  TITLE-ABS-KEY ( urban  AND  
park )  OR  TITLE-ABS-KEY ( neighbourhood  
AND  greenness )  OR  TITLE-ABS-KEY ( urban  
AND  tree )  AND  TITLE-ABS-KEY ( health )  
OR  TITLE-ABS-KEY ( public  AND  health )  
OR  TITLE-ABS-KEY ( mental  AND  health )  
OR  TITLE-ABS-KEY ( physical  AND  health )  
OR  TITLE-ABS-KEY ( obesity )  OR  TITLE-
ABS-KEY ( walkability )  OR  TITLE-ABS-KEY 
( restoration )  OR  TITLE-ABS-KEY ( children )  
OR  TITLE-ABS-KEY ( older  AND  adults )  OR  
TITLE-ABS-KEY ( adults )  AND  TITLE-ABS-
KEY ( gis )  OR  TITLE-ABS-KEY ( geographical  
AND  information )  OR  TITLE-ABS-KEY ( 
ppgis )  OR  TITLE-ABS-KEY ( vgis )  OR  
TITLE-ABS-KEY ( agent  AND  based  AND  
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( PUBYEAR ,  2016 )  OR  LIMIT-TO ( 
PUBYEAR ,  2015 )  OR  LIMIT-TO ( PUBYEAR 
,  2014 )  OR  LIMIT-TO ( PUBYEAR ,  2013 )  
OR  LIMIT-TO ( PUBYEAR ,  2012 )  OR  
LIMIT-TO ( PUBYEAR ,  2011 )  OR  LIMIT-TO 
( PUBYEAR ,  2010 )  OR  LIMIT-TO ( 
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green[All Fields] AND space[All Fields]) OR ("parks, 
recreational"[MeSH Terms] OR ("parks"[All Fields] AND 
"recreational"[All Fields]) OR "recreational parks"[All Fields] OR 
("urban"[All Fields] AND "park"[All Fields]) OR "urban park"[All 
Fields]) OR (("neighbourhood"[All Fields] OR "residence 
characteristics"[MeSH Terms] OR ("residence"[All Fields] AND 
"characteristics"[All Fields]) OR "residence characteristics"[All 
Fields] OR "neighborhood"[All Fields]) AND greenness[All Fields]) 
OR (urban[All Fields] AND ("trees"[MeSH Terms] OR "trees"[All 
Fields] OR "tree"[All Fields]))) AND (("health"[MeSH Terms] OR 
"health"[All Fields]) OR ("public health"[MeSH Terms] OR 
("public"[All Fields] AND "health"[All Fields]) OR "public 
health"[All Fields]) OR ("mental health"[MeSH Terms] OR 
("mental"[All Fields] AND "health"[All Fields]) OR "mental 
health"[All Fields]) OR (("physical examination"[MeSH Terms] OR 
("physical"[All Fields] AND "examination"[All Fields]) OR "physical 
examination"[All Fields] OR "physical"[All Fields]) AND 
("health"[MeSH Terms] OR "health"[All Fields])) OR 
("obesity"[MeSH Terms] OR "obesity"[All Fields]) OR 
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SIGSPATIAL Int Conf Adv Inf"[Journal] OR "gis"[All Fields]) OR 
geographical[All Fields] OR ("Information (Basel)"[Journal] OR 
"information"[All Fields]) OR PPGIS[All Fields] OR VGIS[All 
Fields] OR (agent[All Fields] AND based[All Fields] AND model[All 
Fields])) AND ("2009/01/01"[PDAT] : "2018/12/31"[PDAT])) AND 
Journal Article[ptyp]) AND Journal Article[ptyp] AND Journal 
Article[ptyp] AND Journal Article[ptyp]) AND ((Journal Article[ptyp] 
OR Clinical Trial[ptyp]) AND ("2009/01/01"[PDAT] : 
"2018/12/31"[PDAT]))) AND (Journal Article[ptyp] AND 
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TITLE-ABS-KEY ( greenspace )  OR  TITLE-
ABS-KEY ( green  AND  infrastructure )  OR  
TITLE-ABS-KEY ( urban  AND  green  AND  
space )  OR  TITLE-ABS-KEY ( urban  AND  
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AND  greenness )  OR  TITLE-ABS-KEY ( urban  
AND  tree )  AND  TITLE-ABS-KEY ( health )  
OR  TITLE-ABS-KEY ( public  AND  health )  
OR  TITLE-ABS-KEY ( mental  AND  health )  
OR  TITLE-ABS-KEY ( physical  AND  health )  
OR  TITLE-ABS-KEY ( obesity )  OR  TITLE-
ABS-KEY ( walkability )  OR  TITLE-ABS-KEY 
( restoration )  AND  TITLE-ABS-KEY ( gis )  OR  
TITLE-ABS-KEY ( geographic  AND information 
)  OR  TITLE-ABS-KEY ( ppgis )  OR  TITLE-
ABS-KEY ( vgis )  OR  TITLE-ABS-KEY ( agent  
AND  based  AND  model ) )  AND  ( LIMIT-TO ( 
DOCTYPE ,  "ar" ) )  AND  ( LIMIT-TO ( 
PUBYEAR ,  2018 )  OR  LIMIT-TO ( PUBYEAR 
,  2017 )  OR  LIMIT-TO ( PUBYEAR ,  2016 )  
OR  LIMIT-TO ( PUBYEAR ,  2015 )  OR  
LIMIT-TO ( PUBYEAR ,  2014 )  OR  LIMIT-TO 
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(((Green[All Fields] AND space[All Fields]) OR (blue[All Fields] 
AND space[All Fields]) OR greenspace[All Fields] OR (green[All 
Fields] AND infrastructure[All Fields]) OR (Urban[All Fields] AND 
green[All Fields] AND space[All Fields]) OR ("parks, 
recreational"[MeSH Terms] OR ("parks"[All Fields] AND 
"recreational"[All Fields]) OR "recreational parks"[All Fields] OR 
("urban"[All Fields] AND "park"[All Fields]) OR "urban park"[All 
Fields]) OR (("neighbourhood"[All Fields] OR "residence 
characteristics"[MeSH Terms] OR ("residence"[All Fields] AND 
"characteristics"[All Fields]) OR "residence characteristics"[All 
Fields] OR "neighborhood"[All Fields]) AND greenness[All Fields]) 
OR (urban[All Fields] AND ("trees"[MeSH Terms] OR "trees"[All 
Fields] OR "tree"[All Fields]))) AND (("health"[MeSH Terms] OR 
"health"[All Fields]) OR (("physical examination"[MeSH Terms] OR 
("physical"[All Fields] AND "examination"[All Fields]) OR "physical 
examination"[All Fields] OR "physical"[All Fields]) AND 
("health"[MeSH Terms] OR "health"[All Fields])) OR ("mental 
health"[MeSH Terms] OR ("mental"[All Fields] AND "health"[All 
Fields]) OR "mental health"[All Fields]) OR Walkability[All Fields] 
OR ("obesity"[MeSH Terms] OR "obesity"[All Fields]) OR 
restoration[All Fields])) AND (("Proc ACM SIGSPATIAL Int Conf 
Adv Inf"[Journal] OR "gis"[All Fields]) OR (Geographic[All Fields] 
AND ("Information (Basel)"[Journal] OR "information"[All Fields])) 
OR PPGIS[All Fields] OR VGIS[All Fields] OR (Agent[All Fields] 
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TITLE-ABS-KEY ( greenspace )  OR  TITLE-
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TITLE-ABS-KEY ( urban  AND  green  AND  
space )  OR  TITLE-ABS-KEY ( urban  AND  
park )  OR  TITLE-ABS-KEY ( neighbourhood  
AND  greenness )  OR  TITLE-ABS-KEY ( urban  
AND  tree )  AND  TITLE-ABS-KEY ( health )  
OR  TITLE-ABS-KEY ( public  AND  health )  
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( PUBYEAR ,  2015 )  OR  LIMIT-TO ( 
PUBYEAR ,  2014 )  OR  LIMIT-TO ( PUBYEAR 
,  2013 )  OR  LIMIT-TO ( PUBYEAR ,  2012 )  
OR  LIMIT-TO ( PUBYEAR ,  2011 )  OR  
LIMIT-TO ( PUBYEAR ,  2010 )  OR  LIMIT-TO 
( PUBYEAR ,  2009 ) )  
(("neighbourhood"[All Fields] OR "residence characteristics"[MeSH 
Terms] OR ("residence"[All Fields] AND "characteristics"[All 
Fields]) OR "residence characteristics"[All Fields] OR 
"neighborhood"[All Fields]) AND ((Green[All Fields] AND space[All 
Fields]) OR (blue[All Fields] AND space[All Fields]) OR 
greenspace[All Fields] OR (green[All Fields] AND infrastructure[All 
Fields]) OR (Urban[All Fields] AND green[All Fields] AND 
space[All Fields]) OR ("parks, recreational"[MeSH Terms] OR 
("parks"[All Fields] AND "recreational"[All Fields]) OR "recreational 
parks"[All Fields] OR ("urban"[All Fields] AND "park"[All Fields]) 
OR "urban park"[All Fields]) OR greenness[All Fields] OR (urban[All 
Fields] AND ("trees"[MeSH Terms] OR "trees"[All Fields] OR 
"tree"[All Fields])))) AND (("health"[MeSH Terms] OR "health"[All 
Fields]) OR (("physical examination"[MeSH Terms] OR 
("physical"[All Fields] AND "examination"[All Fields]) OR "physical 
examination"[All Fields] OR "physical"[All Fields]) AND 
("health"[MeSH Terms] OR "health"[All Fields])) OR ("mental 
health"[MeSH Terms] OR ("mental"[All Fields] AND "health"[All 
Fields]) OR "mental health"[All Fields]) OR Walkability[All Fields] 
OR ("obesity"[MeSH Terms] OR "obesity"[All Fields]) OR 
restoration[All Fields]) AND (Journal Article[ptyp] AND 
















Table 2S: Summary of extracted information from the 93 reviewed articles. Studies are first organised based on health focus, then 
alphabetically.   
†Focus: PH = Physical, MH = Mental, G = General Health; †† Scale: PR= Personal, NH = Neighbourhood, D/C = District/City; µ Type: C = Cross-sectional, L = 
Longitudinal; β Population: CH= Children, AD = Adults; OA: Older Adults.  
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Table 3S: List of confounding variables commonly used in the reviewed articles.  
Confounding Variables Number of Studies considered Percentage 
Age 76 81.72 
Gender 69 74.19 
Education 46 49.46 
Income 35 37.63 
Ethnicity 25 26.88 
Marital Status 24 25.81 
Smoking 23 24.73 
Race 17 18.28 
Employment 16 17.20 
SES 11 11.83 
Deprivation 9 9.68 
BMI 6 6.45 
Dog Ownership 6 6.45 
Parental Education 6 6.45 
Alcohol 5 5.38 




Physical activities 4 4.30 
Area/ region/city 3 3.23 
Duration of staying at home 3 3.23 
Family size 3 3.23 
Immigration/Migration Status 3 3.23 
Stressful life events 3 3.23 
Child < 12 2 2.15 
Child < 18 2 2.15 
Chronic disease 2 2.15 
Diabetes 2 2.15 
Number of years of residency 2 2.15 
Parental Asthma 2 2.15 
Poverty 2 2.15 
Season 2 2.15 
Access to shop 1 1.08 
Antibiotic Use 1 1.08 
Breast-feeding 1 1.08 
Civil Status 1 1.08 
Crime rate 1 1.08 
Depression 1 1.08 
Diet 1 1.08 
Disability 1 1.08 
Family History 1 1.08 
Good friend 1 1.08 
History of Coronary disease 1 1.08 
History of Stroke 1 1.08 
Home Ownership 1 1.08 
Homicide rate 1 1.08 
Household structure 1 1.08 
Hypertension 1 1.08 
Insurance 1 1.08 
Language 1 1.08 
Living in flat 1 1.08 
Medicaid 1 1.08 
Move House 1 1.08 
Occupation 1 1.08 




Parental Care 1 1.08 
Parental Hypertension 1 1.08 
Park Visit 1 1.08 
Pet 1 1.08 
Preterm birth 1 1.08 
Protestant 1 1.08 
Rape rate 1 1.08 
School Type 1 1.08 
Screen time 1 1.08 
Sibling 1 1.08 
Social activities 1 1.08 
Statin Use 1 1.08 
Weight 1 1.08 
 
 
 
 
 
